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Abstract—This paper proposes a new text classification method 
named document matrix convolutional neural networks (DM-
CNN). Unlike the original ways of converting texts into 1-
dimensional vectors and processing each word as a pixel, this 
model is based on the n-dimensional word embeddings obtained 
in advance, taking each entry of the word embedding as a pixel, 
and converting the text into a 2-dimensional document matrix 
(DM) according to the method proposed in this paper, 
maintaining the order of the words in the original, so that the 
DM-CNN model can process the text as if it were an image. The 
model greatly maintains the information content of the more 
abstract words, as well as the structural information at all levels 
in the original. In the experiment, the DM-CNN text classification 
model is compared to the classifiers based on classical machine 
learning algorithms, and the results show the feasibility and 
superiority of DM-CNN. 

Keywords-natural language processing; convolutional neural 
networks; document matrix; text classification; word embedding 

I. INTRODUCTION 

In the field of natural language processing, text 
classification is a very important task, it is a behavior of 
dividing a set of input documents into two or more classes. 
After that each document belongs to one or more classes. In the 
information age, with the popularity and the rapid development 
of the Internet, information flow is undergoing tremendous 
growth. Finding the points of interest from massive texts 
becomes an attractive challenge, which facilitates the birth and 
development of automatic text categorization. Text 
classification technology is very close to us, for example, spam 
identification uses the technology, and automatically 
classifying large text collections into the corresponding topic 
categories, managing knowledge and Internet search engine are 
inseparable from the text classification technology. 

Early natural language processing techniques were based on 
a number of linguistic rules and templates that linguists 
developed. It is true that these rule-based approaches had very 
noticeable effects at the time [1, 2]. But the inadequacies of 
these approaches are self-evident, and they are overly 
dependent on the subjective judgment of people (or domain 
experts) and can not be adapted to new areas. Later, the 
researchers applied statistical theory to natural language 
processing tasks, invented a series of effective statistics-based 

methods [3, 4, 5, 6]. Further, scholars have thought of 
integrating template-based methods and statistic-based methods 
together, so that the two can complement each other [7, 8]. It is 
undeniable that these technologies have achieved remarkable 
results. However, the methods based on statistical theory also 
have shortcomings. Often the later work of NLP tasks rely on 
the previous steps, such as word segmentation, Part-Of-Speech 
(POS) tagging, etc., so the final performance of the entire 
model, need to take into account the error passed from the 
previous. 

The rise of the deep learning [9] provides a very different 
solution ideas to NLP tasks [10]. Due to the complex and 
powerful multi-layer network structure, deep learning has 
excellent fitting ability. Different from the traditional machine 
learning algorithm, the deep learning can do end-to-end 
learning directly [11]. There is no need to manually define rules 
and features, it can automatically learns more essential features 
that are usually more profound and more comprehensive, 
which makes it outstanding in many tasks [12, 13]. And it have 
achieved remarkable results in information retrieval, 
relationship extraction [14], QA systems and other tasks of 
NLP. At present, the deep learning framework commonly used 
in the field of natural language processing mainly includes 
convolutional neural networks [15, 16], recurrent neural 
networks (RNN) [17] and long short-term memory (LSTM) 
[18]. This paper mainly studies the application of convolution 
neural network in text processing. 

Mentioning text classification task, we can naturally think 
of document emotional classification tasks [19]. So far, it 
seems difficult to find a solution which can handle document 
emotional classification task very well. There are always 
multiple paragraphs with multiple sentences in a document. 
Different paragraphs describe different objects, and express 
different emotional colors often. Even in the same paragraph, 
the first few sentences are in the expression of positive feelings, 
but the last sentence came a strong turn, expressing a negative 
feeling. What is more important is that the content behind the 
turning point is the core of the paragraph even of the entire 
document. 

But on the common text classification task which does not 
care about emotional colors, DM-CNN models can usually 
perform very well. Because after appropriate training, it can 
easily find common feature sets of those documents classified 
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as the same category. For example, in a medical text, it is 
possible that each paragraph does introduce the different 
aspects of the drug separately, even describe the different 
viewpoints of the drug. However, from the perspective of text 
classification, no matter how many drugs the document 
involves, and no matter what viewpoints each paragraph 
expresses, the topic of the document is the same. So far, we 
have got an intuitive understanding of the feasibility of 
processing text classification tasks with DM-CNN model 
already. 

Next, this section take a short essay on traditional Chinese 
medicine as an example to explain the contrast between DM-
CNN model and traditional machine learning algorithms such 
as Bayesian classifier. 

Table 1 shows a simple example on traditional Chinese 
medicine. When using the Bayesian classifier, it is possible that 
the text is incorrectly classified as a "plant" category instead of 
correctly classified as a "medicine" category, for the high 
frequency of plant-related words that appear in the text. 
However, the DM-CNN model based on word embeddings [20, 
22] solves the problem from a different angle. It can detect that 
the main entities have higher similarity for word sense with 
word "medicine" than "plant". Similarity for word sense is just 
a shallow feature in the feature set that deep learning can find 
automatically. DM-CNN model can also effectively find deep 
features such as the association of entries from different word 
embeddings, and usually these features are can not be defined 
artificially. Therefore, the DM-CNN model has a greater 
probability of making the correct classification results. 

TABLE I.  SIMPLE EXAMPLE ON TRADITIONAL CHINESE MEDICINE 

Liu- wei-di- huang bolus can be effective when the Tongue is dry, or the 
throat is a bit painful. The following is its main ingredient and its profile. 
·Cornus, also known as taro meat, is the plant dogwood dry and mature pulp; 
·Yam, its tubers are oblong, usually grown vertically and its cross section is 
white when it is fresh; 
·Alisma, is the sticks of the diarrhea species of almondia; 
·Durian is a dry root bark of Ranunculaceae plants Peony. 

In view of that, this paper will explore a deep learning 
model based on classical CNN structure whose input is 2-
dimension document matrices to improve the accuracy of text 
classification task. 

The rest of the paper is organized as follows. In the section 
2, we will introduce the CNN model proposed in this paper. 
We report the experiment and the results in section 3. In the 
section 4, we discuss some optimization problem of the model 
in the practical application, and conclude the paper in section 5. 

II. DM-CNN FOR TEXT 

The neural networks (shown in Figure 1) are good at 
learning the relationship between the characteristics of the data 
and some observed responses. DM-CNN is a special and 
effective multi-layer neural network model, and is outstanding 
in pattern recognition tasks, and do not require any particular 
feature extractor selection. The proposed architecture relies on 
several deep neural networks of alternating convolution layers 
and subsampling layers [21]. The features detected by the first 

layer in the DM-CNN can be identified and interpreted easily, 
and the later layers detected more abstract features.  

 
FIGURE I.  GENERAL STRUCTURE OF COMMON NEURAL 

NETWORK 

A. Basic Structure 

First of all, we talk about the classic CNN architecture for 
image processing. The CNN structure shown in Figure 2 
consists of a plurality of convolution layers, sub-sampling 
layers, fully-connected layers, and a softmax layer 

Deep convolution neural networks in image processing, 
video processing, speech recognition have made breakthroughs, 
greatly enhance the accuracies of these tasks. Not surprisingly, 
more and more researchers applied it to text processing tasks 
and achieved excellent results. It is necessary to convert the 
text into a form that the model can handle firstly. Researchers 
usually choose the form of vector, and convert the entire text to 
the format the model requires in some ways. This paper obtains 
word embeddings trained by the word2vec tool provided by 
Google instead of traditional ways of obtaining word vectors, 
such as one-hot coding. And most of the existing CNN text 
processing models use 1-dimensional convolution kernels, but 
this paper chooses 2-dimensional convolution kernels to 
process the text. 

B. Document Matrix 

The model proposed in this paper needs to convert a text 
into a 2-dimensional document matrix m nT  , as shown in 
Figure 3, unlike the method of converting a text into a 1-
dimensional vector with fixed dimensions, to meet the input of 
the model. We firstly use the word2vec tool to train each word 
into an n-dimensional word embedding (number n is selected 
by the operator). In this way, the processing tasks can be 
simplified as vector operations in the n-dimensional vector 
space. The open source tool uses the Continuous Bag-Of-
Words (CBOW) and Skip-Gram models [22], and because of 
its superior performance, it is used to do a lot of NLP tasks, 
such as clustering, looking for synonyms and so on. 

In order to be able to meet the input of DM-CNN model, 
and to ensure that the input of the document matrices are 
always the size of m n , we define the following rules when 
constructing document matrices: 

a) If w ordnum m , then: 

Construct a document matrix, to fill the vacancies in the 
matrix with ( )m wordnum n   zeroes, and classify the same 
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class as the original. 

b) If w ordnum m  and % 0w ordnum m  , then: 

Construct  1
wordnum

m
    

 document matrices, and the last 

document matrix is made of these words embeddings in 
[ : ]wordlist wordnum m wordnum , and all the document 

matrices will be classified as a class; 

c) If w ordnum m  and % 0w ordnum m  , then： 

Construct  wordnum

m
 document matrices, and all the 

document matrices will be classified as a class; 

Where wordnum is the number of the text’s words and 
wordlist is the list of the text’s words after data cleaning. 
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FIGURE III.  A SCHEMATIC DIAGRAM OF THE DOCUMENT MATRIX 

MODEL 

C. DM-CNN Classifier 

Now we consider the application of DM-CNN model in the 
text. We can get the document matrices m nT   of all texts 
according to the conversion rule of the previous section. Each 
document matrix m nT   maintains the word order of the 
original. Unlike the preprocessing method that treats each word 
directly as a pixel, we treat each entry of each word embedding, 
that is, each entry of the document matrix as a pixel, so that 
DM-CNN model can handle text like dealing with common 
image, as shown in Figure 4, finally get classification result of 
the text. 

 
FIGURE IV.  THE STRUCTURE OF DM-CNN MODEL FOR 

PROCESSING TEXT 

a) Convolution layer 

Assume that the current layer is an i -th layer, The 1i   
layer has N  feature maps as input and the size of the 
convolution kernel is x yK K  (usually square), then the output 
feature map i

jM  of the j -th convolution kernel of the i -th 

convolution layer can be calculated as follows: 

1

1

( * )
N

i i i i
j n n j

n

M M K b 



                                   (1) 

Where i
jb  represents a bias that matches the corresponding 

convolution kernel, ( )x  represents a non-linear squashing 
function. 

In the actual programming, we encapsulate (1) into the 
following easy-to-understand expression: 

1

1

2( , , ' ')

( )

N
i i i i
j j j j

j

i i
j j

u conv M K valid b

M u





 



 . 

Where the 2( )conv  function encapsulates the convolution 
operation. 

b) Sub-sampling layer  

As most models’ selections, DM-CNN also uses max-pooling. 
Defines a down-sampling function ( )down  based on max-
pooling, assuming that the number of strides for window 
movement is 2, the size of the pooling window is 2 2 , then to 
a 4 4 matrix, the conversion go as the following: 

1 2 1 2

3 4 3 4 1 4 1 4

1 2 1 2 1 4 1 4

3 4 3 4

max{ ,..., } max{ ,..., }
( )

max{ , ,..., } max{ , ,..., }

a a b b

a a b b a a b b
down

c c d d c c d d

c c d d

 
          
 
 

. 

Thus, the output of each Feature Map 1l
jS   of the layer 

1l  after the sub-sampling operation can be calculated as 
follows: 

1( ( ) )l l l i
j j j jS down S b    . 
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Where l
j  represents the multiplicative bias 

corresponding to the pooling operation. 

c) Full connection layer and softmax regression  

The final full connection layer and softmax regression play 
the role of classification. After the previous down-sampling 
operation, a series of feature maps are obtained. In order to 
meet the input of the multi-layer sensors, these feature maps 
need to be rasterized into a vector. Specifically, for the feature 
maps 1 2, , , jS S S , assuming that the size of each feature graph 

is p q , the vector o


 obtained after rasterization is as 
follows: 

111 112 11 121 122 12 1 2[ , , , , , , , , , , , , , ]T
q q pq pq jpqo t t t t t t t t t              


 

Unlike the logistic regression to solve the two classification 
problem, this model needs to solve the multi-classification 
problem, that is, the class y can take k different values. 
Therefore, this model uses softmax regression. Specifically, we 
assume that the function ( )ih x  is as follows: 

1

2

1

1
( )

T i

T i

T i
j

T i
k

x

x
i

k x

j
x

e

e
h x

e

e











 
 
 

   
 
 


. 

Where 1
1 2, , , n

k R       is the parameter of the model, 

and 

1

1
T i
j

k x

j
e


 is the normalization of the probability 

distribution so that the sum of all the probabilities is 1. 

III. EXPERIMENTS 

A. The Dataset 

We introduce the corpus firstly. We used the 20 
newsgroups dataset. The 20 Newsgroups data set is a collection 
of approximately 20,000 documents that are evenly distributed 
(almost) in 20 different newsgroups.  

The data set is divided into 20 different newsgroups, each 
of which corresponds to a different theme. Some newsgroups 
are closely related to each other (eg. comp. sys. ibm. pc. 
hardware / comp. sys. mac. hardware), while other newsgroups 
are highly irrelevant (eg. misc. forsale/ soc. religion. christian).  

TABLE II.  THE INFORMATION OF THE FIVE CLASSIFIED DATASETS 

category number of files 
total 
size/MB 

comp. graphics 1000 2.07 
comp.sys. ibm. pc. hardware 1000 1.58 
comp.os.ms- windows. misc 1000 2.75 

comp. windows. x 1000 2.30 
comp. sys. mac. hardware 1000 1.50 

Considering some reasons, such as the similarity between 
the various categories, the performance of the experimental 
machine, we conducted experiments based on these data sets of 

the following five categories: "comp. sys. ibm. pc. hardware", 
"comp. graphics", "comp.os.ms-windows. misc", "comp. 
windows. x", "comp. sys. mac. hardware". And the information 
of the five classified datasets is shown in the Table 2. 

B. DM-CNN Model Training 

The experimental steps of The DM-CNN model is shown 
in Figure 5, we logically divided into three parts to describe. 

 

 
FIGURE V.  EXPERIMENTAL STEPS FOR THE DM-CNN MODEL 

1) Word embeddings training 

We used the word2vec tool provided by Google to train the 
corpus (text8) to get the word embeddings of the words in the 
corpus, and specified the dimension of the word embedding to 
200 dimensions. Text8 derived from enwiki8 is the default 
corpus used by word2vec tool, and nearly 100MB. The final 
output file, such as "vectors. bin", contains almost all the 
needed words and word embeddings. 

2) Document matrix constructing 

It is necessary to cleaning the datasets before using them. 
We define a cleaning rule which filters out all the words that 
do not appear in the "vectors. bin" file after the text 
segmentation task, and maintain the relative word order of the 
original. We convert each text according to the construction 
rules into one or more document matrices. We specified that 
the number of word embeddings in the document matrix is 200, 
so that the document matrix is a square of 200 200 . And 
assigns a 5-dimensional classification label vector 

[ ], 0,1  0,1,2,3,4i il a a and i  


 for each document matrix. 
Finally we got the DM-datasets including all the labeled 
document matrices derived from the 5000 texts. 

3) Model training 

The experiment used the deep learning framework - 
TensorFlow which is Google's open source for machine 
learning and deep learning framework to implement DM-CNN 
model, so we set the parameters of the model according to the 
TensorFlow specification.  

In practical training process, usually a large part of the time 
is used to tune the hyper-parameters, which largely determines 
the model performance, the convergence rate and so on. And 
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after some attempts, we finally chose the structure including a 
convolution layer, a max-pooling layer, and selected ReLU [26] 
as an activation function, and use the softmax function to get 
the confidence of each category. Specifically, the size of the 
convolution kernel was set to5 5 , the number of strides of the 
convolution kernel sliding both were 4 in the length and width 
direction, and the number of convolution kernel was set to 512; 
in the sub-sampling layer, set the window size to 5, and the 
window sliding strides were both set to 5 in the length and 
width direction. Naturally, the number of output classification 
is 5.  

And DM-CNN model used the dropout method proposed 
by paper [28] to reduce overfitting. Dropout is a powerful 
regular method. Because the part of the weights have not been 
updated to reduce the overfitting, and the network models used 
for each training are different from each other, so the final 
model is equivalent to the results which comes from the one 
mixed a number of models. Finally the generalization of the 
hybrid models are often relatively strong. We use dropout for 
the full connection layer, since the full connection layers are 
easy to over-fit, and set the value of dropout rate to 0.5, which 
is a reasonable approximation to taking the geometric mean of 
the predictive distributions produced by the exponentially 
many dropout networks [27]. 

We used 10-fold cross-validation to train the hyper-
parameters of DM-CNN, and use the average of 10 accuracies 
as the final accuracy of DM-CNN. After enough iterations, 
experiment obtains a high average accuracy. 

C. Baseline Methods 

In order to compare with the above model, we have done 
this experiment on the same experimental corpus, selecting 
three mainstream text classification models, including Bayesian 
classifier, support vector method (SVM), K-Nearest Neighbor 
(KNN). In this experiment, we chose to use sklearn module to 
implement these three algorithms. 

Sklearn is a commonly used python third party module for 
machine learning. The sklearn module encapsulates some of 
the commonly used machine learning algorithms. We just use 
the SVM classifier, the KNN classifier, the Bayesian classifier 
from sklearn modules in it. We also use the 10-fold cross-
validation for these model, and select the average accuracy as 
the final accuracy 

D. Classification Results 

After the experiment, we got four classifiers. We tested 
each classifier on the corresponding test sets, and finally got the 
average accuracies of all classifiers, as shown in Table 3. 

From Table 3, we can observe that the text classification 
model based on DM-CNN has better performance than the text 
classifiers based on the traditional machine learning algorithms. 

The text classifiers based on the traditional machine 
learning algorithms have indeed achieved a good classification 
performance (about 0.8). However, in the experiment, we find 
that the improvement of model performance encountered a 
bottleneck, although many methods were used. But to the DM-
CNN, we find that we can always get a superior model as long 

as we are patient enough to take a long time to tune the 
parameters (if there is not a good machine). We realize that this 
accuracy is still not the bottleneck of the classifier, and if we do 
some appropriate optimization, the performance of the 
classifier can be improved. 

TABLE III.  THE CLASSIFICATION ACCURACY OF EACH CLASSIFIER 

Classification model Average Accuracy 

K-Nearest Neighbor 0.781259 

Support Vector Machine 0.777765 

Naïve Bayes 0.819091 

DM-CNN 0.902512 

IV. DISCUSSION 

In this section, we focus on the improvement of DM-CNN 
model performance. 

A. Depth Of Networks  

We notice that the CNN model applied to text processing is 
relatively shallow compared to the CNN model applied to 
image processing. The CNN models used to process images 
usually have multiple layers and sub-sampling layers [21, 23, 
24], and most of the CNN models that deal with the text can 
use very few layers and sub-sampling layers to achieve good 
performance [25], as long as there are required word 
embeddings. This is probably because the pixel of a image is a 
low-level representation, and the word embedding itself is a 
more advanced abstract representation, the amount of 
information carried is much larger than the pixel. But this is not 
to say that the CNN model for processing text can not be used 
with multiple layers and sub-sampling layers. On the contrary, 
this often leads to better performance, but usually we will make 
sacrifices in other ways, such as convergence speed. And if the 
data set is very small, it is likely that the deeper networks is 
more difficult to convergence for the deeper level means more 
parameters. 

B. Selecting Activation Function  

This model uses the ReLU activation function. ReLU 
makes the network itself introduce sparseness. The data 
provided by the paper [26] show that the ReLU activation 
function leads other activation functions without pre-training. 
ReLU still has room for improvement after pre-training, of 
course. From this perspective, ReLU narrows the gap between 
unsupervised learning and supervising learning and gains faster 
training speed, and greatly shortened the learning cycle [27]. 
Comprehensive rate and efficiency, with ReLU as the 
activation function is a good choice in deep learning tasks. 

V. CONCLUSION AND FUTURE 

This paper shows that, different from the traditional 1-
dimensional input CNN model, by constructing 2-dimensional 
document matrices, DM-CNN can effectively complete the text 
classification task, and in the training process, the model with a 
layer of convolution also performs well, and better hyper-
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parameters have a great influence on the performance and 
convergence speed of the model. 

Future work will involve studying the relationship between 
the value of the word embedding dimension and the 
performance of the model, and how the model will behave as 
the number of categories increases further. 
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